Abstract Evaporation estimation is important for the assessment of a wide range of potential impacts of climate change, yet there are significant questions concerning the relevance of alternative methods for climate change studies, and the uncertainty associated with downscaled driving variables. Using principal components analysis, climate variables related to evaporation have been examined; results show significant differences in correlation structures between observed UK data and climate outputs from a Hadley Centre Global Climate Model (HadCM3). Although employing the GCM data directly in the Penman-Monteith combination equation appears to be practical for estimating current potential evaporation, this approach does not project realistic potential evaporation in the 2080s. A local calibration approach is taken to the derivation of an alternative empirical model for estimating potential evaporation based on GCM outputs, using the Generalised Linear Model (GLM) framework. This appears to provide a robust method for impacts assessment. From the GLM projections, the envisaged change in evaporation will be spatially variable across the UK. It is expected that the southern part of the UK will be more sensitive to the change in evaporation than the north. Moreover, in the 2080s, the range (variance) of the monthly potential evaporation appears to change more than the mean.
Introduction
Intensification of the hydrological cycle is expected to result from global warming (e.g. Huntington 2006; Solomon et al. 2007) , and the dynamics of evaporation are an important aspect of the accelerating water and energy cycle. Land surface evaporation has been shown to have a significant effect on global circulation (e.g. van den Hurk et al. 2003 ) and local climate (Betts et al. 2000) . Evaporation is also a crucial driving input for many ecological and hydrological models, and therefore an important element in studies of the impacts of climate change. In agriculture, evaporation is essential for the estimation of crop water use and irrigation requirements (e.g. Brouwer and Heibloem 1986) . For hydrological impact assessment, most rainfall-runoff models require evaporation data along with precipitation for computing runoff (e.g. Shaw 1994; Oudin et al. 2005) , and it has been noted that high uncertainty of evaporation estimation undermines the reliability of streamflow predictions (e.g. Chun et al. 2009 ). Evaporation has also been shown to be related to ecosystem function and biodiversity (e.g. Manning et al. 2006) , as well as drought (e.g. Alley 1984 ) and deforestation (Malhi et al. 2008) .
Global-scale changes in evaporation have been investigated using land surface models and GCMs (See Electronic Supplementary Materials for a discussion of evaporation trend studies). On the basis of various model results, the Fourth Assessment Report of the United Nations Intergovernmental Panel on Climate Change (IPCC) summarised that the global change in evaporation is not only associated with moisture supply but also with energy availability, surface wind and plant physiology (Solomon et al. 2007 ). We can conclude that simple temperature-based methods have important limitations in representing the complexity of climate controls on evaporation.
Another important issue in projecting future evaporation is the quality of the GCM data. Although GCMs provide information on the full range of simulated atmospheric processes for examining possible changes in evaporation, the applicability and reliability of employing GCM outputs directly is in doubt (Wheater 2002) . Direct evaporation estimates from GCMs are usually based on a particular land surface scheme (Kay and Davies 2008) at regional scale and are not an ideal input for hydrological, ecological and other studies which require fine-scale local evaporation series. In addition, the individual climate variables required for methods such as Penman-Monteith are associated with high uncertainty, particularly when derived at GCM grid-scale. Therefore, various approaches have been developed to estimate and project potential evaporation using GCM data. We classify them broadly into two categories: climate variable downscaling and the development of local empirical relationships.
In the first category, time series of climate variable from GCMs are downscaled to provide the inputs for evaporation formulations. Reviews of methods for disaggregating climate variables (e.g. Xu 1999; ) usually divide downscaling approaches into two fundamental types: dynamical and statistical downscaling. As an example of the former, Kay et al. (2006) produced potential evaporation input for a hydrological model using RCM data generated from dynamical downscaling. Statistical downscaling can also provide adequate temporal and spatial climate series for evaporation estimation. For example, Generalised Linear Models (GLM) provide a unifying statistical framework suitable for disaggregating different climate variable such as wind speed and temperature (e.g. Yan et al. 2002; Furrer and Katz 2007) . By adapting and combining various statistical downscaling algorithms, weather generators (e.g. Richardson and Wright 1984; Hulme et al. 2002) can generate future weather series using GCM data (e.g. Wilks 1992; Elshamy et al. 2006 ) to estimate future potential evaporation. For instance, the weather generator described in Kilsby et al. (2007) provides future potential evaporation time series using synthetic climate series and the Penman-Monteith equation.
For the second category, empirical relationships can be developed to locally calibrate GCM data for projecting potential evaporation. Before any potential evaporation projection studies using GCM data, local calibration of potential evaporation estimates has long been a common practice to improve empirical evaporation parameter estimation (Smith et al. 1990 ). Many recent studies (e.g. Yang et al. 2005; Ekstrom et al. 2007; Fowler and Kilsby 2007) have attempted to use the data from historical records and global climate models to calibrate potential evaporation formulations. For example, Ekstrom et al. (2007) and Fowler and Kilsby (2007) calibrated the Blaney-Criddle temperature-based equation and projected future potential evaporation using observed and bias-corrected RCM data.
Although either climate variable downscaling or the development of local empirical relationships allow potential evaporation to be projected using GCM data (e.g. Kay et al. 2006; Kilsby et al. 2007) , performance assessment for evaporation models using disaggregated or surrogate climate data as input is limited. Moreover, several studies have shown that conventional potential evaporation formulations give unrealistic future estimates using particular downscaled climate series. For example, Ekstrom et al. (2007) found unreasonably high future potential evaporation projected from the Penman-Monteith equation using the RCM data downscaled from a Hadley Centre GCM. Although some studies believed that temperature methods may provide a practical alternative approach to extrapolating future evaporation (Ekstrom et al. 2007) , the assumption that existing empirical relationships will remain valid is questionable, given the discussion of observed trends, and the adequacy of selected climate variables as predictors in the model structures has not been widely examined. Many of the climate variables considered to be important for change and trend in future evaporation (e.g. radiation and relative humidity) have been excluded in most of these studies (e.g. Ekstrom et al. 2007) .
As studies to quantify and qualify the performance of potential evaporation predictions are limited, the aim of this paper is to extend current local calibration methods to include those GCM data which are deemed to be driving climate variables for the observed change in evaporation. In addition, the adequacy of the Penman-Monteith equation (Allen et al. 1998 ) using the Hadley Centre GCM data (HadCM3) is examined. The data and methods are summarised in the next section. In the following section, the results of comparisons between different evaporation methods using the climate model data are presented. A new empirical calibration method using the Generalised Linear Model (GLM) approach for projecting evaporation is proposed. Possible changes in potential evaporation over 25 stations in the UK are also projected. Furthermore, the framework and other considerations for future evaporation estimation are presented in the final section.
Data and methods

BADC data
Historical meteorological data from 1990 to 2007 were extracted from the MIDAS Land Surface station database of the British Atmospheric Data Centre (BADC). 25 stations were selected based on location and the availability of meteorological data for potential evaporation estimation ( Fig. 1 and Table 1 ). All are World Meteorological Organization (WMO) climate stations and have daily data of radiation (total received irradiance on a horizontal surface (UK Met Office 2007)) and hourly data of temperature, relative humidity and wind speed from which daily maxima and minima are extracted.
HadCM3 data
Simulated monthly averaged meteorological data between 1950 and 2099 were taken from a Hadley Centre General Circulation Model: HadCM3 (Johns et al. 2003 and using the SRES_A2 scenario (Nakicenovic et al. 2000) . The global mean temperature in 2100 is expected to be 3.9 degrees higher than the levels between 1980 and 2000 in this scenario (Solomon et al. 2007 ), for which the underlying storyline is explained in Nakicenovic et al. (2000) . The climate series for the 25 stations were interpolated by the inverse distance method (c.f. Shepard 1968) from the values of the four nearest HadCM3 grid points.
Although many hydrological studies (e.g. McIntyre et al. 2005; McVicar et al. 2007 ) have shown that topographic influence and catchment characteristics are related to regional climate properties, the adopted interpolation method here excludes these considerations to maintain the simplicity of the algorithm.
Principal components analysis (PCA)
The characteristics of the observed BADC data and the interpolated GCM time series were studied using Principal Components Analysis (PCA), which is an eigenvalue decomposition to identify independent axes of a data covariance matrix under the Gaussian assumption (see Wallis (1965) for an early review of the theory and applications in hydrology).
Most previous studies related to trends in climate variables (e.g. Lettenmaier et al. 1994; Milly and Dunne 2001) focused on the first order characteristics (e.g. the mean) of the individual meteorological or hydrological series. The correlation between climate variables, however, has not been widely studied. In addition to the mean, correlations or covariances are considered to be important in parameter uncertainty analysis and estimation (e.g. Bree 1978) . In this study, PCA was used to investigate the correlation between the observed monthly averaged climate variables and the HadCM3 simulations for the 25 UK stations. The climate Fig. 1 Location map of 25 meteorological stations variables (i.e. temperature, relative humidity, wind speed and radiation) were standardised using their mean and standard derivation and the covariance matrix of the four standardised climate variables was analysed.
Penman-Monteith equation
Using the historical meteorological series from the BADC data and the Hadley Centre model, potential evaporation was calculated using the Penman-Monteith equation (Allen et al. 1998 ) for a grass reference crop (where the albedo is 0.23). 
)
Authors such as Smith et al. (1990) and Gavilan et al. (2006) have recommended that empirical methods (e.g. the Blaney-Criddle method) can be calibrated or validated using the Penman-Monteith equation, and many studies (e.g. Itenfisu et al. 2003; Irmak et al. 2003 ) have used one potential evaporation formulation to calibrate or validate other estimation methods (e.g. temperature, radiation or other empirical approaches). This approach is followed here. Daily Penman-Monteith potential evaporation was calculated using the BADC data, and monthly potential evaporation (PE_Mon) was taken as the monthly average of these daily values. The calculated monthly potential evaporation (PE_Mon) was used as the reference for comparing and evaluating potential evaporation estimated from other formulations.
Generalised linear model (GLM)
Although Ekstrom et al. (2007) proposed that a simple-regression-based approach could project potential evaporation more plausibly than the Penman-Monteith equation, their approach excludes consideration of relative humidity, radiation and wind speed, which as discussed in Electronic Supplementary Material play an important role in the observed change in evaporation (e.g. Peterson et al. 1995; Chattopadhyay and Hulme 1997; Roderick and Farquhar 2004) . Therefore, a flexible approach using Generalised Linear Models (GLMs) is used here to extend the regression approach (Ekstrom et al. 2007 ) for the estimation of future potential evaporation.
Numerous studies (e.g. Furrer and Katz 2007) have shown that the GLM approach (e.g. McCullagh and Nelder 1989; Dobson 1990 ) can be used to interpret climate variability and simulate realistic meteorological series. For example, Yang et al. (2005) used GLMs to simulate and downscale potential evaporation for hydrological application. The adopted GLM framework (Eq. 2) is based on Chandler and Wheater (2002) and is applied to estimate potential evaporation.
Where μ is the vector of mean potential evaporations at each time step at a given site g(.) is the link function, here the identity function X is the climate variable matrix containing the climate predictors at each time-step β is the vector of parameters at the given site
The GLM structure for estimating potential evaporation over the 25 UK meteorological stations was identified and tested by stepwise regression and cross-validation respectively.
Stepwise regression
Stepwise regression uses an automatic routine to choose predictive variables for regression models and has been applied in many potential evaporation studies related to trend and climate change studies. For example, Chattopadhyay and Hulme (1997) attempted to identify the dominant variables associated with the change in potential evaporation in India. Similarly, Thomas (2000) performed a study to identify the meteorological variables that contribute the changes in spatial and temporal characteristics of potential evaporation over China.
The final models from stepwise regression depend on the initial terms and the order in which terms are excluded and included in the models. Although different initial models were used, an initial model containing product terms of relative humidity (H), temperature (T) and wind speed (U) is the focus here (i.e. HTU). It is acknowledged that the identified model may only be a locally optimal model based on initial conditions and used p-value criteria. Also, it is noted that collinearity of possible predicative terms may cause problems in stepwise regression (Hauser 1974) . However, instead of overemphasising drawbacks of the approach, including the difficulty of the selection of the probability levels, "null" sampling and test distribution, Draper and Smith (1998) suggested that stepwise regression should be regarded as a procedure that will yield a useful set of predictors.
Cross-validation
The behaviour of the GLM structure identified from the stepwise regression was examined by crossvalidation. Efron and Gong (1983) reviewed and summarised the general algorithms and applications of cross-validation. At first, the adopted cross-validations estimate the parameters of the GLM structure from a single subset (called the inducer) in a particular length of observations, and the data in another subset were used to confirm or validate the performance of the model. Then, the procedure was repeated for another subset until every observation had been used. From the cross-validation, the distributions of the parameters of the GLM structure and the Pearson correlation for each inducer can be deduced to evaluate the performance of the selected GLM structure. Two different lengths of inducers (12-month and 36-month) were used in crossvalidation to investigate the stability of parameter estimation.
Results
Principal components analysis (PCA)
The PCA results show that the correlation structures of the four climate variables are similar over the 25 UK stations. Table 2 is an example component matrix expressing the weights of the four independent principal axes identified from the PCA. Table 3 summarises the proportion of variance explained by individual principal axes. The majority of the variance (from 50% to 70%) of the climate variables can be explained by the first principal axis, and a fair amount of variance, between 15% and 35%, is explained by the second axis.
In component extraction, the absolute value of component matrix below 0.5 is suppressed for identification of the corresponding variables for each principal component (See Larose 2006) . Table 4 gives the percentage of the 25 stations corresponding to the four principal axes. It also shows that Table 3 Proportion of explained variance of principal components (observed data). Station details are in Table 1 Component S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12 S13 S14 S15 S16 S17 S18 S19 S20 S21 S22 S23 S24 S25 Table 4 shows that, in their first axis, all 25 stations include temperature and radiation but only 64% have relatively humidity and 84% have wind speed. Conversely, a higher percentage of the second axis is related to relatively humidity (72%) and wind speed (52%), and a relatively low percentage of the second axes is linked to temperature (8%) and radiation (4%). This result indicates that temperature and radiation are crucial climate variables in the first principle axis of all stations. Likewise, the second axis is important for most stations because some of the variance in relatively humidity and wind speed may not be explained simply by temperature and radiation. For further verification of the result, the PCA was repeated 1,000 times in subsets containing 50% randomly selected data (Table 5 ) to test the sensitivity of the PCA results within the subsets. Although the percentages in Tables 4 and 5 are not identical, it can fairly confidently be concluded that temperature and radiation explain similar variance in the first axis, and wind speed and relative humidity differ from temperature or radiation in the second and third axes.
In a similar manner to the above, the correlation structure of the HadCM3 data from 1990 to 2008 was analysed. The explained variances in the first axis from the HadCM3 data (Table 6) are between 64 and 79%, which are higher than the values from the observed data of most stations in Table 3 . From the suppressed component matrix, Table 7 shows that the first principle axes of most of the 25 stations are related to all four climate variables (i.e. temperature (T), radiation (R), humidity (H) and wind (U)). The result implies that the HadCM3 series have stronger correlation than the observed data. Therefore, one of the four HadCM3 climatic variables (T,H,U,R) should explain more variance in the first principal axes than its representation in the observed time series in a linear model. It also means that multicolinearity of the HadCM3 data is expected to be more predominant for the observed data in multivariate models (e.g. GLMs).
Stepwise regression
The final models derived from the stepwise regression are governed by the selection of the initial predictor variables. For the initial model specifying no predictors, the resulting model from the stepwise regression depends on net radiation and mean Table 1 Component S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12 S13 S14 S15 S16 S17 S18 S19 S20 S21 S22 S23 S24 S25 temperature, which is the same as the first order multilinear regression structure derived and tested in Irmak et al. (2003) . However, many studies (e.g. Chattopadhyay and Hulme 1997; Thomas 2000) have suggested that relative humidity, wind speed and other climate variables have subtle roles in climate impact on evaporation. Doorenbos and Pruitt (1977) found that including relative humidity in the radiation method based on the Makkink formula (1957) can increase applicability to different locations. Therefore, an initial model having terms depending on product terms related to relative humidity, mean temperature and radiation (HTU) was also examined; and Fig. 2 gives the histogram of the predictive terms included in the final stepwise models of the 25 stations. The histogram shows that the initial model with a product term of relative humidity leads to similar final stepwise regression models. The radiation term (R), the scalar product of temperature and wind speed (TU) and HTU are the most frequent predictive explanatory variables, and their frequency is notably higher than the others. Based on the results, the proposed GLM structure for potential evaporation estimation is Since the expected potential evaporation estimation is assumed to be normally distributed, the proposed model can also be viewed as a general linear model (or normal linear model) and the link function used in Eq. 3 is an identity function. Compared to the regression relationship for the Penman method in Frevert et al. (1983) , derived from the research stations in the western United States, the GLM structure in Eq. 3 is much simpler but its parameters vary between stations. Although physical interpretation of the regression relationships is generally difficult, Eq. 3 may be interpreted as a function containing two parts. In the first component, radiation is the explanatory variable. The parameter β 1 appears to be related to slope of the saturation vapour pressure-temperature relationship (Δ), the psychrometric constant (+) and wind speed. In the second component of Eq. 3, the explanatory variables are two product terms containing both temperature and wind speed (TU and HTU). The two parameters (β 2 and β 3 ) in the second component appear to be related to mean temperature in addition to Δ, + and wind. Therefore, the main assumption of using Eq.3 is that the considerations of Δ, + and wind profile for a particular station can be lumped together by appropriate constants. Also, the parameters are presumed to be invariant when used for projection. Although the proposed physical interpretation and assumptions should be studied further theoretically, the general behaviour of the derived GLM structure can be assessed by cross-validation, diagnosis and comparison against the reference potential evaporation. During each cross-validation step, the parameters of Eq. 3 are estimated from an inducer (i.e. a single subset of observations), and the data which are not in the inducer were used to validate the performance of the model. Two sample lengths of the inducers (12 and 36 months) are used. The minimum Pearson correlation (of 1,435 inducers of the 12-month cross-validation) is larger than 0.9. The exceptionally high correlation shows that the GLM approach can provide potential evaporation estimations (PE_GLM) which are linearly related to the Penman-Monteith potential evaporation (PE_Mon) despite using only 12 months of observed data for the parameter estimation.
Using the monthly average potential evaporation (PE_Mon) from the Penman-Monteith equation for comparison, the time series (PE_GLM) for three stations, calculated from Eq. 3, are shown in Fig. 3 . The PE_GLM time series are consistent with the reference potential evaporation (PE_Mon). Although there are some underestimates of the peaks, the GLM time series (PE_GLM) generally capture the patterns of the reference potential evaporation (PE_Mon). In Fig. 4 , PE_GLM is plotted against PE_Mon. The scatter plots of PE_Mon and PE_GLM appear slightly concave downward, which indicates that the GLM approach may underestimate high potential evaporation, but the Pearson coefficients are high and show strong linear correlation of these two series. Overall, both Figs. 3 and 4 demonstrate that the GLM structure (Eq. 3) identified by stepwise regression can provide potential evaporation estimations (PE_GLM) with good representation of the reference evaporation calculated by the Penman-Monteith equation (PE_Mon) .
Using the HadCM3 data, the potential evaporation from 1990 to 2007 is also estimated by the Penman-Monteith Equation (Had_PE_Mon) and the GLM approach (Had_PE_GLM). As climate belt is around 800 mm (Falkenmark and Chapman 1989) , the projected evaporation rate Heathrow708 in the 2080s appears to be suspiciously high. The degree of change in potential evaporation in the 2080s appears to decrease when the latitude of the stations increases. Although several previous studies (e.g. Ekstrom et al. 2007 and have already found that the Penman-Monteith equation, when using downscaled climate variables from the GCM as inputs directly, produces implausibly high potential evaporation, the results in Fig. 7 further demonstrate the problem of simply applying downscaled climate series in the Penman-Monteith equation. Moreover, the problem is exacerbated for the stations located at the lower latitudes in the UK. For the GLM approach, it is expected that the adopted empirical relationship (Eq. 3) can give more plausible future evaporation, similar to the other local empirical calibration approaches (e.g. Ekstrom et al. 2007 and .
Based on the GLM results, the expected seasonal change in potential evaporation across the stations in the UK is illustrated in Figs 8 and 9 . The maximum and minimum bounds are the monthly maxima and minima of Had_PE_GLM within each 30 year time slice. The results in Fig. 8 show that the GLM approach provides a satisfactory seasonal representation of the observed seasonal pattern for both northern and southern stations in the UK. The projected potential evaporation in the 2080s using the GLM approach is given In Fig. 9 . The change of the average potential evaporation in the 2080s appears to be mild (~6%) over these 25 stations. However, significant changes in the monthly maxima of potential evaporation are expected for the stations located in the South (~25%) but not in the North (~0%). Considering the difference in the expected average changes in potential evaporation across latitude between the Penman-Monteith equation and the GLM approach, the pattern of average potential evaporation across the 25 stations, given by the Penman-Monteith equation using the GCM data, generally deviates from the observed averages, and the changes between time-slices are unrealistic high. Conversely, the pattern and change of the evaporation generated by the GLM approach are more plausible. The estimates from the GLM approach seem to be more promising than the evaporation projected by the PenmanMonteith equation. Figure 10a and b show the percentage changes in potential evaporation between the 1990s and the 2080s, with the circles having radii proportional to the magnitude of the changes. As discussed above, the changes in the potential evaporation calculated directly from the Hadley centre data (Had_PE_Mon) are generally larger than those of the GLM estimations (Had_PE_GLM). Moreover, the changes in both Had_PE_Mon and Had_PE_GLM are higher in South East England than the northern part of the UK. Overall, Fig. 10a and b show that the change in potential evaporation is expected to vary with latitude across the UK.
In addition to potential evaporation, actual evaporation is important for hydrological modelling (e.g. Wheater et al. 1982a & b) . Therefore, a preliminary analysis of actual evaporation was undertaken using the Penman-Grindley model, a simple two-store soil moisture accounting conceptual model which has been the UK meteorological office national procedure for calculating actual evaporation and soil moisture deficit (Penman 1950; Grindley 1969 ). Similar models have been used widely to estimate actual evaporation in many different studies (e.g. Grindley 1970; Wheater et al. 1982a & b; Doorenbos and Pruitt 1977) . A root constant for grass (100 mm) and the Hadley Centre rainfall series were used for soil moisture deficit and actual evaporation estimation. Figure 10c and d show the percentage changes in actual evaporation between the 1990s and the 2080s. Although the change in actual evaporation is generally lower than that of the potential evaporation because of the moderating effect of soil moisture deficit, the percentage change in potential and actual evaporation between the 1990s and the 2080s differ only slightly. The differences between the changes in potential and actual evaporation are more discernable for South East England where the change of potential evaporation is expected to be relatively higher than other parts of the UK. Further studies using different models to understand actual evaporation would be worthwhile.
Conclusions
The results of PCA show that the correlation structures of the climate variables differ between the observed and the HadCM3 data. The first principal axis of the HadCM3 data explains more variance of the reference evaporation (PE_Mon) than using that of the observed data. The HadCM3 data have generally higher correlation between radiation (or temperature) and wind speed than the observed values. The imperfect correlation structure of the HadCM3 climate variables is likely to contribute to the discrepancy observed between the potential evaporation calculated from the Penman-Monteith equation using the observed and the HadCM3 data. Although the performed PCA analysis explored only the linear relationship between climate variables, the results nevertheless indicate a deficiency within climate variable correlation structure of GCM outputs that has not been widely examined. Further studies on climate variable correlation can provide better understanding of the issues related to spatial and temporal multivariate data analysis in climate change studies using GCM data.
A model structure which is suitable for potential evaporation estimation for the GLM approach has been identified by stepwise regression. As the correlation between the climate variables has been inflated in the GCM data, using the GCM data as a surrogate of the observed data in the Penman-Monteith equation can be problematic. Therefore, to use GCM data effectively, some adjustments of the different conceptual components of evaporation contributing by different climate variables are needed. Using the GLM approach, the model structure (Eq. 3) was selected based on the capability to reproduce observed potential evaporation while considering the dependence between variables. The optimum model structure is thus identified based on the specific data characteristics which allow to best use of the available information (e.g. Wagener et al. 2003) . As a result, the GLM estimates are less sensitive to the dependence of the climate variables and give more realistic projections when the GCM data are used. The final model for the GLM includes the effects of wind speed, radiation and relative humidity which are not considered in the most previous studies (e.g. Ekstrom et al. 2007 and . The parameters in Eq. 3 have been conceptualised as related to the radiation and aerodynamic components based on the classic Penman approach. Similar to the other local empirical calibration methods (e.g. Ekstrom et al. 2007 and , the GLM approach appears to provide plausible potential evaporation estimates for the 2080s. However, the approaches using stepwise regression based on current climate performance may exclude predictors that could be important in future change climates (Wilby et al. 2004 ). Since wind speed and relative humidity are usually considered to be the important climate variables for the observed potential evaporation trends (e.g. Chattopadhyay and Hulme 1997; Thomas 2000) ,the inclusion of predictors related to temperature, wind speed and relative humidity appear to be valid.
From the results of Figs. 5 and 6 and the online Electronic Supplementary Materials, potential evaporation appears to be estimated adequately from the Penman-Monteith equation and the GLM approach using the HadCM3 data from 1990 to 2007. Although the low potential evaporation estimation from the Penman-Monteith equation using HadCM3 may be relatively poor compared to the values calculated from the GLM approach, the potential evaporation estimated by Penman-Monteith using the spatially interpolated HadCM3 data (Fig. 5 ) still appears to be a reasonable surrogate for the observed data. Based on the GLM results, the framework for projecting potential evaporation using local calibration is proposed and presented in Fig. 11 .
Based on the GLM results, the projected change in potential evaporation in 2080s is spatially dependent. The potential evaporation projections for the stations in the south of the UK appear to be more sensitive to the HadCM3 data in the 2080s than the evaporation estimation in the north. The spatial relationship is worth further study. Moreover, the comparison of different spatial interpolations of the GCM data against simple inverse distance methods may provide better understanding how spatial disaggregation affects potential evaporation estimation using the local calibration approach.
Overall, the proposed local calibration approach using the GLM framework provides an alternative and preferable method to direct application of downscaled climate variables from GCMs in potential evaporation formulations. Further studies of comparison of the GLM approaches and other empirical relationships (e.g. Blaney-Criddle equation) using local calibration methods or downscaled GCM climate variables will provide better qualification and quantification of the uncertainty of the future evaporation. Regarding the temporal scale, the proposed GLM framework appears to be suitable for not only monthly but also daily potential evaporation estimations, if seasonal and autoregression terms are included in the GLM structure (c.f. Yang et al. 2005) .
Although the identified GLM structure is shown to be adequate for 25 stations in the UK, the proposed approach should be evaluated for other regions to investigate the transferability of the recommended model. Moreover, the inflated correlation of the HadCM3 data may cause the problem of collinearity, and hence evaluation of alternative models would be instructive. The stability and sensitivity of parameter identification in the empirical relationships can be studied by ridge regression or Kalman filter estimation (see Kitanidis and Bras 1979) . Despite the need for further examination of the proposed approach, the present results, nevertheless, provide a useful baseline for investigations related to potential evaporation projections.
